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INTRODUCTION
Achieving good thermal stability is a major requirement of the extrusion process in order to form high quality products. Previous studies (Kelly et al., 2006; Abeykoon et al., 2010; Rasid and Wood, 2003) have revealed that the thermal homogeneity of the melt is considerably affected by the process settings and that the melt flow temperature in the die changes according to its radial position. Therefore, use of the entire melt temperature profile as a measure of the process thermal stability is much more appropriate to ensure high quality products than a single point measurement. Although melt flow homogeneity may be improved slightly by introducing a filter or screen pack (gives better mixing), for better control, process settings should be appropriately optimised. Unfortunately, it is quite difficult to monitor the die temperature profile within a production environment and most extruders are instrumented only with conventional wall mounted thermocouples for thermal measurements. These are highly affected by the barrel wall temperature and they are not capable of measuring a melt temperature profile, or of detecting rapid variations in melt temperature (Schoppner et al., 2008) .
Some thermal measurement methods (e.g. the thermocouple mesh and the fluorescence technique) may be used to measure melt temperature profiles. A grid of thermocouple wires which is used to observe the radial extrusion temperature profile is referred to as a thermocouple mesh. An emf is developed at each grid junction which can be correlated with the local melt temperature (Brown et al., 2004) . The fluorescence technique involves doping the polymers with a temperature sensitive dye. Temperature is derived from changes in the fluorescence spectrum . However, these techniques are less suitable for use in a production environment due to constraints such as their complexity, limited durability, access requirements, disruptive effects on melt flow and output, the need to dope the polymer with additives etc. In fact, these techniques can be used to gather valuable process information in a research setting.
Moreover, understanding of the relationships between the process thermal stability and the adjustable process parameters are required to maintain the thermal conditions within tolerable limits. Relevant previous work in this field is discussed in the following sections.
Effects of process settings on die melt temperature homogeneity
Previous work by the authors (Abeykoon et al., 2010) discussed the effects of screw speed and barrel temperatures on the die melt temperature profile. A thermocouple mesh was used to measure the temperature profile of the melt flow prior to die entry. It was found that temperature variations increased as screw speed increased and the highest fluctuations existed a few millimetres away from the die wall, particularly at high screw speeds. Barrel temperature changes were shown to have a slight effect on the melt temperature profile. Rasid and Wood (2003) used a thermocouple mesh inbetween the screw tip and die to measure the melt flow temperature profile with a low density polyethylene. They state that the metering section temperature had the highest influence on the melt temperature while the compression zone and die temperatures had negligible effects. Crabtree et al. (2008) argues that the extrudate temperature can be easily controlled by changing the metering zone temperature. However, this work was based on a conventional thermocouple measurements instead of measurements of the melt temperature profile. Kelly et al. (2005 Kelly et al. ( , 2006 Kelly et al. ( , 2008 used a thermocouple mesh to monitor the melt temperature profile and presented a number of comprehensive studies on factors influencing the melt temperature homogeneity other than the process settings. Extruder screw geometry and polymer properties were also found to be as the significant parameters. used a non invasive fluorescent measurement technique to measure the vertical temperature profile across the melt flow inside the extruder barrel (i.e. screw root to barrel wall) and discussed the effects of screw speed, screw geometry, and material specific behaviour on the melt temperature profile. Moreover, used a fluorescent technique to measure a radial temperature profile in a reactive extrusion process.
Models to predict melt temperature
While attempts have been made to estimate melt temperature profile from first principles of mass, momentum and heat transfer, by finite difference methods (e.g. Tadmor et al. (1974) ), these have limited accuracy in practice. Furthermore such models cannot be solved in real-time for process optimisation and control. Other workers have examined empirical system identification approaches to develop static models (e.g. Fontaine (1975) ; Hassan and Parnaby (1981) ; Germsuka et al. (1984) ; Chan and Lee (1984) ; Chan et al. (1986) ; Nelson et al. (1986) ) and dynamic models (e.g. Kochhar and Parnaby (1977) ; Reber et al. (1973) ; Lin and Lee (1997) ; Tan et al. (2004) ) to predict an average bulk melt temperature only. Furthermore, most of the existing thermal models are only representing linear relationships and are not be sufficient to represent the nonlinear processing behaviour over a wide operating range.
In this work, a thermocouple mesh technique (Brown et al., 2004 ) is used to measure the radial temperature profile across the die melt flow under different operating conditions and an attempt is made to model the effects of process settings on melt temperature profile at the die. The main objective is to explore an accurate and industrially compatible method to maintain the melt flow homogeneity rather than using less accurate conventional thermocouples. As outlined, a thermocouple mesh is not suitable in a production environment due to less fragility. However, the experimental information obtained can be used to formulate accurate models to predict the melt temperature profile based on the specified melt flow positions temperatures. Later, these models can be used in conjunction with a industrially compatible sensor for process control purposes which will be considered as a part of this project. The study reported in this paper is only focused on the melt temperature of a single screw extruder with one processing material.
EQUIPMENT & PROCEDURE
All measurements were carried out on a 63.5mm diameter (D) single screw extruder (Davis Standard BC-60). A tapered compression screw with 3:1 compression ratio (Feed-4D, Compression (or Melting)-10D, Metering 10D) was used to process the polymer material. The extruder was fitted with an adaptor (D=38mm) prior to a short cylindrical die with a 12mm bore. The barrel has four separate temperature zones equipped with Davis Standard Dual Therm controllers.
Melt temperature profiles at the die were measured using a thermocouple mesh placed inbetween the adapter and the die as shown in Figure , 2006) had confirmed that the die temperature measurements are symmetrical across the thermocouple mesh centreline. Therefore, five thermocouple wires were placed asymmetrically across the die melt flow to generate junctions along the diameter of the mesh and this asymmetric placement of wires gives the opportunity to increase the number of temperature measurements resolution across the melt flow. Finally, the melt temperatures measured at five points across the die melt flow were mirrored over the die centreline to obtain the complete die temperature profile. The die wall set temperature was used as the melt temperature at the ±19mm radial positions. Then, the final temperature profile was obtained by the 11 radial positions (distances from the die centre line to each radial position: 0mm, ±3mm, ±5mm, ±8.5mm, ±15mm, and ±19mm) across the melt flow as illustrated in Figure 2 . A LabVIEW software program was developed to communicate between the experimental instruments and a PC. All thermocouple mesh temperature signals were acquired using a 16-bit DAQ card (National Instruments PCMCIA 6036E) through a SC-2345 connector box.
The experimental trials were carried out on a recycled extrusion grade black high density polyethylene (HDPE), (MFI 0.16g/10min, density 0.967g/cm 3 , and ∼2.5% carbon black) provided by Cherry Pipes Ltd. The melt flow index (MFI) value is presented according to the ISO 1133 standard (190 • C, 2.16kg). The extruder temperature settings were fixed as described in Table 1 and three experimental trials were carried out and named as: A (low temperature), B (medium temperature), and C (high temperature). The screw speed was adjusted from 10rpm Die  1  2  3  4  A  130  155  170  180  180  180  180  B  140  170  185  200  200  200  200  C  150  185  200  220  220  220  220 to 90rpm in step sizes of 40rpm in tests A and C and in steps of 20rpm in test B with the extruder running for about nine minutes at each speed.
MODELLING

System model identification
The main aim is to model the effects of process settings on the shape of the die melt temperature profile (i.e. the variations of the melt temperature across the melt flow).
Firstly the model inputs and outputs were identified. Six input parameters (u1-u6 ) and one output parameter (y1 ) were considered for modelling as illustrated in Figure 3 .
Inputs: screw speed (N ), die radial position (Rp), barrel set temperatures (T b ) at each zone (T 1 , T 2 , T 3 , T 4 ). The set temperatures of the clamp ring, the adapter, and the die are always equal to T 4 in this study. If these values are different from T 4 , it is possible to add them as three different model input parameters. 
Model development and operation
Each experimental trial was run over nine minutes at each set of process settings. Process signals were unsteady and contain transients within the first few minutes. Therefore, the data collected over the 7 th and 8 th minutes at the 1Hz sampling rate were used for the model validation and development respectively. This is a steady state model which predicts the melt temperature values of the each radial position assigned by the radial position input. Eleven radial positions (R p inputs: 0mm, ±3mm, ±8.5mm, ±15mm, ±19mm) predict a complete melt temperature profile across the die melt flow each second. The model estimates the melt temperature values of those eleven points individually by only changing the radial position input, while screw speed and barrel set temperatures remain constant. There are ten different processing situations with each having 660 input data points over one minute. Therefore each input signal contains 6600 data points. The model output contains the measured melt temperature at each radial position corresponding to the relevant inputs and the signal length is same as the input signal length.
The melt temperature profile at the die (T p,die ) can be represented as a function of N , R p , and T b ;
This study is focused on developing a static model to predict the die temperature profile based on above relationship. Firstly, an attempt was made to identify a linear model to correlate the output with the inputs by approximating the function f. However, the linear model did not predict the temperature values accurately due to the significant nonlinearities in the process.
Secondly, a nonlinear polynomial model was adopted to approximate the function f. The predicted non-linear relationship is shown to give a reasonable agreement with the experimental data. Due to the strong nonlinearity of the polymer process, the maximum model power was selected as 6. As a result, a large number of terms were included in the model, which may limit its practical application. However, only a few terms in this model were found to provide a significant contribution to the output. Sub-model selection algorithms, such as orthogonal least squares (OLS) (Chen et al., 1989) and fast recursive algorithm (FRA) (Li et al., 2005) can be applied to construct a parsimonious model with satisfactory generalisation capability. Due to the lower computation complexity and improved stability, an FRA was used as a sub-model selection algorithm here.
Fast recursive algorithm (FRA)
Suppose a nonlinear polynomial model can be expressed as:
where y is the output, and u i are the system input variables. By using a polynomial function, this equation can be expressed as a linear-in-the-parameter model:
where ϕ i (·), i = 1, · · · , n are all candidate model terms, and
Suppose N data samples are used for model training, then (3) can be re-written as y = ΦΘ + e (4) where
The well known least-square method solves the problem by minimising the cost function J(Θ) = e T e (5) and the corresponding solution is given by Θ = (Φ T Φ) −1 Φ T y (6) However, due to the noise and correlation between regressors, the information matrix Φ T Φ is always ill-conditioned in practice, which may lead to inaccurate calculation of the model coefficients Θ. Ridge regression can prevent this problem, but gives a biased solution. Therefore, use of a subset selection algorithm eliminates this problem by selecting the most relevant and significant terms.
The fast recursive algorithm (FRA) utilised in this study can be presented by defining a recursive matrix (M k ) and a residual matrix (R k ):
and the cost function in (5) can be rewritten as:
.., n and p i are selected model terms.
In this forward stepwise selection, polynomial terms are selected one-by-one based on their contribution to the final model. As shown in Li et al. (2005 Li et al. ( , 2006 , if one more regressor ϕ j from the candidate term pool is to be selected, the net contribution of ϕ j to the cost function can be calculated as
where ϕ
The above net contribution can be further simplified by defining an auxiliary matrix A ∈  k×M and a vector a y ∈  M ×1 with their elements given by
According to the properties of R k (Li et al., 2005 (Li et al., , 2006 , a k,j and a k,y can be updated recursively:
Now, substituting (13) and (14) into (10), the net contribution of ϕ j , j = k + 1, · · · , N to the cost function can be expressed as:
The model term that gives the largest contribution is then selected, and this procedure is continued until some criterion is met (e.g., Akaike's information criterion (AIC) (Nelles, 2001 )) or a pre-set maximum number of centres are selected. To further reduce the calculation complexity in term selection, at the (k + 1)-th step, a
and a
can be updated recursively instead of computing from (13) and (14):
At the end of each selection, these terms will be updated and stored for next comparison/selection. After a satisfactory model has been constructed, the model coefficients can now be computed recursively. (18) where the terms a j,j and a j,y in (18) j,y terms used above. Finally, a more general model (i.e., terms and coefficients) is selected based on the defined process inputs and outputs from the sub model selection algorithm.
DISCUSSION
The linear static die melt temperature prediction model gave only about 30% fit with training data and could not be improved further. As the model performance was very poor, further details of the linear model are not presented in this paper.
For the nonlinear static die melt temperature prediction model (T p,die ) selection, a number of different model combinations (i.e. with different orders and number of terms) were studied and the details of all of the models studied are shown in Table. 2 along with their root mean square errors (RMSE) with training data. Finally a 6 th order model with 9 terms was selected as presented in equation (19) as further increase in the order or number of terms did not improve the model performance considerably.
The selected nonlinear model shows a 83.3% (RMSE=3.09) fit with the training data and a 83.0% (RMSE=3.12) fit with the test data. The measured and model estimated temperature profiles over two different screw speeds and barrel set temperatures with the nonlinear modelling error (measured-estimated) are shown in Figure 6 . Furthermore, each model term was closely examined to explore the effects of the individual processing parameters on the die melt temperature profile. The screw speed (N ) is identified as the most influential processing parameter. The melting zone temperature (T 2 ) can be recognised as the most critical barrel zone temperature which affects the die temperature profile and hence the melt flow homogeneity. According to the previous findings of Rasid and Wood (2003) and Crabtree et al. (2008) , screw speed is the most influential parameter on extruder output temperature while metering zone temperature (T 4 ) is the most significant barrel zone temperature. However, according to the findings of this work metering zone temperature (T 4 ) shows a less effect than the melting zone temperature (T 2 ) on the shape of the die melt temperature profile while the effects of T 1 and T 3 are insignificant. T 1 is related to the feed zone which can be considered as negligible on the extruder melt output in this case.
Indeed, melt temperature is not only a function of the process settings, consideration of the effects of material properties (e.g. thermal conductivity, melt consistency index, power law index, temperature coefficient of melt viscosity, shape/size/type of the resins) and machine geometry (e.g. channel depth, barrel diameter, surface conditions of barrel and screw, barrel thickness) may enhance the model capabilities to minimise the melt flow non-homogeneity, and this will be examined in future work.
CONCLUSIONS
A new static nonlinear polynomial model to predict the effects of process settings on the die melt flow homogeneity is presented. The model was used to identify the effects of individual processing parameter on the die melt flow homogeneity. Predictions from the proposed model are in agreement with previously reported experimental findings. In future work the model will be used to establish the optimum process settings to minimise melt flow nonhomogeneity. Moreover, this study is still in its initial stage and future consideration of the effects of material properties and machine geometrical parameters should help to improve the model performance further. In addition the development of a dynamic model is underway. This will help to demonstrate a potential method for determining melt flow homogeneity in-process and to buildup a control strategy (i.e. an industrial soft sensor) to obtain the required melt flow homogeneity in extrusion by manipulating the process settings. Moreover, a method to extrapolate the control strategy on other machine geometries and materials will also be examined.
